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LSG(Local Surface Group) : A Generalized Local Feature Structure
for Model-Based 3D Object Recognition

Juneho Yi'!

ABSTRACT

This research proposes a generalized local feature structure named “LSG (Local Surface Group) for model-based 3D object recognition”. An
LSG consists of a surface and its immediately adjacent surfaces that are simultaneously visible for a given viewpoint. That is, LSG is not a
simple feature but a viewpoint-dependent feature structure that contains several attributes such as surface type, color, ares, radius, and
simultaneously adjacent surfaces. In addition, we have developed a new method based on Bayesian theory that computes a measure of how
distinct an LSG is compared to other LSGs for the purpose of object recognition. We have experimented the proposed methods on an object
database composed of twenty 3D objects. The experimental results show that LSG and the Bayesian computing method can be successfully
employed to achieve rapid 3D object recognition.

7I9= : @AL4|(object recognition), BA(feature), HWOIAI2} &8 (Bayesian theory)
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A8 G ZE Bl HEo] st5d EAY BHo=R
A LSG(Local Surface Group)E #Aergch LSGE dhile
w1 dg FAHeE NE o3t A FolF A
A AN BAXE WEY Aotk HWE A, @ W
Atole] A T o] HAHES FFHoE Hosie ¥
S0 wet £AHELE Prtstd FFAL F e F2E F
= 2AY ZFRAHQY EAo. sty EAE o UE F
Fo (B o, 39, 74, AAdA F)oR o]FoiF
georg Fue EXE o9 g FF LSGE 7MY,
EAd] et E g 59 LSGES ZA 0. ¥ °“‘?
e Aol EAEe] FoixW HAFEH 1Y Jle
ol g3t LSGE =5 Fohla o LSG/ EAEE 7t
Z 27dEs EF e BA49 F=87 £3A7ME Baye-
sian FE0)EE o] &3d &= PHE AN =3
Axkd Ansl Adsta 3&AU EAAY S st A%
A ol &E 4 ol Ao diFto redtth
=79 F8% o= gden g A, =d 7w

3219 EAQAE Hste ohokd BA dide ALg stE
3 dutzojn] A¥3E EAH9 EAQ LSGE A¢stAtt
EA, Q14 WAo] Hi= BAEC RE LSGES HFEHD
By 71&¢ ol g3l AstE S ANSAT. AA,
ojd LSG7F EAES 7MY 2 7dE d F v EAY
E7Q7}E Bayesian BE0IEE o439 Aatst] £
A4 £xo 4g A3 AL ¢ dvke A& Bt
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2. LSG(Local Surface Group)
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T F EAY AL H4A o]F] F £ ot sy ©

I We] ol EAlel &% RAAY AR, W P,
A, Aol 4 T $4¢ HAEE R, (2 DY
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{surface-label : ?
<model : ?>
< surface-type © 7>
<area:@ ?>
<radius : 7>
<color: 7>

sphere(7) tetrahedron(4 &)
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=M LSGE EAMUAE 4E EAY EHJo2
Agtstet. LSGy v EFolgr B oF 717 &%
M3 SAHEE £F foeR e, FXRE 7= EForh
LSG&= '«‘S}LH H{ ‘seed¥’ ol HHFH FAZ A (view-
point)el Al @A Heoly o|2d3 QU WEY HFol|oh
(2% 3ol W €8 seedB o 33 ¢, ukE o3
mA Foizl AlHAA A Hele WEQY P 3 P,E 9
Fold LSGY & & RAFI gtk LSGE 3o 9
(seed®) ¥} vlZ o] 23HA Fojx AjHeA A Hole
HES] FjoluR ojd AJHAA & EHE & wf LSGY
F& o|EHog FojA AHAM HAAE HEY FUE
& & Atk & Eo, (1% 3 BAAE EA HS
Fojal Al e dis) oA i LSGrY Y. 2 LSGE
{seed®, o| X (B)]Y FHHE 1F3 7jesd oA A
9] LSG= [P —C LIC,— P, P,),[P,— C, P3P, 1,[P,— P, Ps],
[P,— PP 1ot LSGAA AMEEE W dHYE quadric
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Ao 2A Bug(planar), SE5HUcY(ridge), 2LFLYH
(valley), 25713 (peak), 2E5THHpit)ole}. (12Y 3)
(byolH BoF+= 1L.5GY & o4& §3ho LSGY 7x& 4
Hed ogd 2o HE 39 $FL seeddY o]E9
C,olx, o] A9 e o EZ3 HUrjH HH
ol Adriwe] BMAEL 0.75YE 44 BoF). LSGHY
v WA &% <simultaneously-visible-adjacent-surface
s list of surfaces> o+ seed AH FH Holw BIZ 9
23 HES o]E(ZL, W) WY FF, W, HAFHE
o] 77} 499y 7YY 29, 2L seed HH o] F
 Z4x Fo| 7 Yeldr) seed W o2 ¢ Wo] ofF
v 4EE F e gyt Aol AY HiuEY o
HEdw Z+ We wake] Ao|ZFE F@vh Wel B
HEgd 4 we HA dHy $FoI AU A+
Add %9 ggoz Hq@l & FHY WE Alol9
Zxe AoHR] gong NILZ A

(b) An_example of LSG(Local Surface Group)
{seed-surface-label : C;
<model-label : *¥*>
<surface-type ® ridge(1)>
<radius : 0.75>
<simultaneously-visible-adjacent-sufaces : [
(Py, planar(0), area, radius(nil), 0°)
(P;, planar(0), area, radius(nil), 0°)>
}
(c) Simplified LSG
{surface-type-of-seed-surface : ridge(1)
surface-type~-of-
e ™' (planar(0), planar(0)>
<sum-of-angle : 0>
}

(28 3) LSGe) & of

27t FHdA Hete ZE EHEL 270AY FX
oA o3 FgstEE A2 P WEZ FAH
on o oy £F g5 = 0E FFY LSGES
Zka ook LSGE W Moy Aza 2& fE S48
= X A8 €29 AFE F4FE Fx AR =F
LSGE dhiel B(seedd)d HlZ o] ¥ HETS ol
oz 249 FEAHY EFoirt. 48 #HAA FddM ¢
A g4 247t & EAd o8 443 A A &

g Hae sht EE 2 o) LSGrE 24dEA HER
Aol HEHE LSGERYH 443 §& A4 2
F& Bdo] oig 7Hdol A4E AHolch thA & At
W LSGE A" o]&3t=(viewpoint dependent) E A9
FRAQ EAoln] 1 gt S4B dE £RES ZE
TZ2E ke EAolth LSGE 94 iy EAlSo| nlHo
E 3449 B4 94¢ A9 Ry EHoR AMEE F
Atk HollA & Aot

3. 1LSGS X 4i4(saliency) M & AL

o7l E ¢4 o] HE EAEC] FolF o o
LSG7t BEXEE 7MY B3 ez FHAE F=Ed B
7t g ‘AEAAL Za Fostn o] AUAHIE
& Atste Wys visdth LSGYAPEN A EE Baye-
sian ©| &9 a posteriori FF2 =&37] Ao 4§ &
E(joint probability)¢l P( m,, M, viewpoint;), viewpoint;

k=1, f i=1, N3 j=1,,0 25 2L m,

M, 281 viewpoint = ZF2t AEEE EAS B, W
A Rd 24, 2ga Ad9d AFE I F jUA A
Heg vehddh. £ N, o= 47 B4 B, 94U E
A, AHE AFE BAG o] AF FEdE A4 o
A BAg AT 4 5He] e FRI FFHHA U

31 Ar@slE 2|3 8e Mo

P(m,, M, viewpoint;) : joint probability of m, (A1-83}
= B4 BA), M, (iHA EAH), viewpoint;
(MNEEe HE F A A k=14,
i=1,N, j=1,0.

P(M) oA &AM M4 $EE YT a priori

&g, =, ;VQP( M)=1.0.

P(m,/M;) : likelihoodE EhAE A% FE2AM [P(m,/
M)> P(my /M)1E JERRAAE RE54L
EAY EA m, 7t BA M9 5L Js
Aol B Mo 5HY AR ¢
HerdT

P(M;/m,) - 98 FEAA EAS 54, m,7t HEH
W EA M Y QA EAT #EL
YEl = a posteriori 8H&.

Y P(M,/m)E EA9 4, m, 9 A M, o O
@ Adyd Az Aogrh

Aol AoAg AEAY HEE A8 B0 4WsE o
2tk m, o B BA Mo AF 3EAR H=7F 1.001™
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(&, P(M;/m)=1.0°19), EAY 54 m, = B4 M,
zZk3 Qe EAolth A HEE Y GAlM EAHY 5
Q, m, 7t AEHA A M, 7F 9 G4 g4I EA
e deiErh 8, A8 G 2AY §A, m,7t A
253 off-linelZ vl ALE P(M;/my)7t P(My/my)
= 0.425 > P(My/my) = 0.401 > P(M;/my) = 0.174 &9
A& 249 54, m,o o3 48 G, My, M, 28]
i M9 #ME B EAY Eo] ¥5E BRAFEH

32 P(M;/m,)el Adt g

Bayesian && °l2°) 98 =%+ a posteriori &
P(M;[/m)E BEA 94 8 o] &3t AL o]gHe
2 A7t Hol gto ALk e oges Ast
AR AHEE A$E =B A7 AFHad"E
AFE HAL ol g3td P(M;/m)E AMtste
ale] 71Edd g E fdA Hojd A5 ARA
£ 7139 9ol hat(")& €4 Jehirlz @k PM)E
A Aol B4 M7t Yeide WEE FFs] 1 ¥
TE RE EXEY IR NESE UEoEHN T8 5 4
o & Bol % #AHA 7wl WE oW &4 A
EL olFE o 7 REE FEVln & W HEA
o7 oW BEo] g REJ ulg dviy zAF Yehte
A FAate] Had ofF & F Ack I EMIYE 4
ste] ALY B9 EAL BAINY P (my viewpoint; /| M;)
= jUA ANH( viewpornt )N M, E EW HAA £
EA, m,7t B o} BFHE A9 NlEsz AN 5
S},

re
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. P(mk vzewpomt,/M,) =
# occurrences of the feature my, in M; for viewpoint;
# occurrences of all features m;i=1,--,m in M; for all viewpoints

oY)

$27} FenA st P (M, /m,)E Bayesian WH g o]
g3t 4 (), 4 @7 2ol FoTh

P(my/M;) = gl P (my, viewpoint ;| M;) (2
ﬁ(M,/m;,)= /P(M,)/g /f\’(m;,wewpmnt,/M,) (3)
N v
> P(My) = P (my, viewpoint, [M;)

A 22 24 Mo B4 B, m, 7t EAsA @
=ob P (me/M)=0.07F Ho 2 (3] P(M,/my)=0.0
ol g& o F Atk 94 WA 339 EAMEo] HAFEHA
A (2g D9 ge oz AFF dm s

z P,
P2
P:
S Ps
P2 C\
Py
P {surface-label : C,
3 < surface~-type : ridge(1) >

< surface—-parameter : (0.0, 0.0, 1.0)>

> < area: 100>
C ™~ < radius : 0.75 >
X Y < adjacent-surfaces : (P1, P2, P3, Py) >
angles-between . 10 gn0 =0 A0
)

(a) model object (b) atribute-reltional graph

(28 4) &Y o3 T2 28 YUY (a) 29 X (b) A
BHe &Y Tzt C, B0} e SdEe HY

3 Al gt LSGE FE3= e oS 2o
3 BEAE 2 A ds z-buffer dneE0lE ol &3
"o ghil(F, W53 ¥4 Avidsin Ivigd IS
W(scan)3tBA F4AE duFEL H&3td LSGE
F23A doh 29, FZ oA HE, FHUE dHol&d,
Hel Hef FE FE, W ¥ AN TE& A 2EHL
2 AHgEE gAY ¢udEEE AT 2Y £
o AP e A 7+ FEY AR FUA EEd
1627091 AFEE AHEREY o AHES ANAAE T
of FEE 9 © AEHA oA dEAEE o83
o FIATHIO 11 &5 749 & Aol (2¥ 5% &
o vebd & itk (29 5)ofA BoAIxo] o] AH
(6.9 WA EANE Bte 9 Yelue LSG &€
T3k, olE 162709 Al HFte] HNHE £ ¢ £
Aol ¥ LSG & 25 AMSA do LSGE Aitshe
MEFAQ AA AL o Zo] 248

3
o

fori=1, 2, <, N (N 749 a4 o] tige] )
forj=1, 2, -, v (v A9 AH Qaled )
Render the range image of the object, M, for
viewpoint ;, along with surface labels.
Scan the range image and collect LSGs.

end for j

end for i

Compute P (M;/m;) ‘s and return the indexing table.

(28 5) el 7ol siue] AlHE, (6.4
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M2 HEFA HY GAdeA HEd B0 b & By
e BAETES I FEHE £AE AEgoEd A4 &
EE Y1HoR 9 F U deME Fesg 5ol
AF A& LG 7 ¢% gES AFE A%y EA4
o £4 3¢ a#ze] 4AF BEE o]Fo] A & it
LSGS A 2 FE HAE ALgste] £ He B
AAA aEHE Holrl AT AFe FsAnh M, M,
M, My ERES AA AFsle] de (19 3) (@) IS
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ol S Al TE F 200709 FA AN st
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(218 6) (18 294 RAFE 207) EAEE o]Fojn
5d diojelue]xe g P(M, /m,)S) BE: HA G99
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o FHHY 5A LSGE AL A4 digel He
EAEC] 2 LSGEE AFEHIAY J& o884 A
Aae WEE ANSHT oF LSGr EAMES M 7
TE3 @ gle BA9 S5AYU7ME Bayesian HE°lE
€ o] &3t AEHT) Bayesian HE0IE S o] 834 =
&5E a posteriori &€ EA AYol HEde= AL 9
E4or W& 477 Hol oy A e oge
2 3t HA AMgd AeE SEAoY B dTA A
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